Abstract : Genomic breeding value (GEBV) has recently become available in the beef cattle industry. Genomic selection methods are exceptionally valuable for selecting traits, such as marbling, that are difficult to measure until later in life. One method to utilize information from sparse marker panels is the Bayesian model selection method with RJMCMC. The accuracy of prediction varies between a multiple SNP model with RJMCMC (0.47 to 0.73) and a least squares method (0.11 to 0.41) when using SNP information, while the accuracy of prediction increases in the multiple SNP (0.56 to 0.90) and least square methods (0.21 to 0.63) when including a polygenic effect. In the multiple SNP model with RJMCMC model selection method, the accuracy (r 2 ) of GEBV for marbling predicted based only on SNP effects was 0.47, while the r 2 of GEBV predicted by SNP plus polygenic effect was 0.56. The accuracies of GEBV predicted using only SNP information were 0.62, 0.68 and 0.73 for CWT, EMA and BF, respectively. However, when polygenic effects were included, the accuracies of GEBV were increased to 0.89, 0.90 and 0.89 for CWT, EMA and BF, respectively. Our data demonstrate that SNP information alone is missing genetic variation information that contributes to phenotypes for carcass traits, and that polygenic effects compensate genetic variation that whole genome SNP data do not explain. Overall, the multiple SNP model with the RJMCMC model selection method provides a better prediction of GEBV than does the least squares method (single marker regression).
I. Introduction
MAS, has the potential to improve the accuracy of estimated breeding value and to overcome some of the drawbacks that exist in the traditional BLUP, such as a relatively long generation interval. Several studies have suggested that marker-based selection methods such as MAS and GS allow for more accurate breeding value estimation than does traditional selection of young animals, especially for low heritability traits (Habier et al., 2007; Meuwissen et al., 2001; Van Raden et al., 2009) .
As shown in a dense SNP panel (e.g., Bovine 50 K and 700 K panel), many markers are very close to the QTL and exist in linkage disequilibrium with it.
Therefore, some marker alleles are correlated with a positive effect on the quantitative trait across the population and can be used for selection without the need to establish a linkage phase in each family (Meuwissen et al., 2001 ).
In order to estimate genomic breeding value, the BLUP method assumes that all loci or genes undergo an equal amount of genetic variation [i.e., the genetic variance of a locus is Vg (total genetic variance) multiplied by the number of loci]. More recently, Bayesian approaches, namely BayesA, BayesB and BayesCpi, have been developed to capture small subsets of SNPs having a QTL effect derived from a sampled distribution of the QTL and have achieved great accuracy in estimating GEBV (Fernando and Garrick, 2008; Meuwissen et al., 2001) . These Bayesian approaches have also been used in the dairy industries in many countries (Hayes et al., 2009 ). In the least squares method, however, we have found it difficult to estimate many effects in a limited sample size, and we do not have sufficient degrees of freedom to simultaneously cover all variables with this method (Lande and Thompson, 1990) . Furthermore, selection of loci with the largest effects has resulted in the selection of over-predicted effects. In order to avoid a biased estimation of many loci, model selection approaches are required to select the best set of SNPs that explain and predict variations in quantitative genetics. Such approaches have already been proposed for the simultaneous analysis of all SNPs in a GWAS. Lee et al. (2008) implemented this approach to predict unobserved phenotypes for complex traits using whole genome SNP data.
In this study, we applied a Bayesian model selection termed the Reversible Jump Markov Chain Monte Carlo (RJMCMC) to estimate genomic breeding values for individual Hanwoo using whole genome SNP data.
II. Material and Methods

Animals and phenotype data
Carcass data and DNA samples were obtained from 266 Hanwoo descending from 66 sires and unrelated dams (2 -10 progeny number per sire) from two NIAS experimental stations, Dae-Kwan-Ryoung and NamWon. The steers received ad libitum intake of a total mixed diet of concentrate and rice straw in total feed with a ratio of approximately 1.5:1, 2:1 and 4.5:1 for the growth period (4-12months), finishing period I (13-18 months) and finishing period II (19-24 months), respectively. Crude protein (CP) and total digestible nutrients (TDN) of the concentrate were 14-16 and 68-70%, 11-13 and 71-73% and 11% and 72-73% for the growth period, finishing period I and finishing period II, respectively. Phenotypic data in this study included carcass weight (CWT), eye muscle area (EMA), back fat thickness (BFT) and marbling score (MAR). BFT, EMA and MAR were measured at the 12th-13th rib junction after a 24 hour chill. The statistics for phenotypic data used in this study are summarized in Table 1 . MAR was assessed on a scale from 1 to 7, and the degree of marbling was evaluated based on the Korean Beef Marbling Standard (BMS) from the Animal Product Grading Service in Korea. 
Genotype assays
Genomic DNA for genotyping assays was extracted from blood samples, and SNP genotyping was performed by SeoLin Bioscience (Seoul, Korea) using the Affymetrix MegAllele GeneChip Bovine Mapping 10K SNP array.
Three hundred steers were genotyped for 8,344 SNP, but 34 steers failed to genotype due to low DNA quality from phenol and chloroform contamination. Genotyping data were received on 8,344 SNP from 266 steers, and all those SNP were physically mapped to chromosomes (in bp) using the bovine genome sequence (Btau-3.1).
Analysis of SNP statistics
Genotypes were tested for Hardy-Weinberg equilibrium (HWE) to identify possible genotyping errors using the Chi-square test in the R/SNPassoc Package (R Development Core Team). SNPs with HWE (p<0.05), fail to call (> 80%), monomorphic SNPs and minor allele frequency (< 0.01) were removed in this QTL study.
Least squares estimation (single SNP regression)
To test the association between SNP and QTL, single marker regression analysis was implemented.
Markers were assumed to be in LD with QTL in close proximity, and the evaluated effect was additive (QTL 
Multiple SNP model
We fitted a linear mixed model with multiple SNPs as the fixed effect and a polygenic effect to account for additive genetic effects not detected by the SNPs. 
Prediction of BLUP breeding value and genomic breeding value (GEBV)
We predicted the BLUP breeding value for the 266 genotyped animals using a numeric relation matrix (NRM) based on pedigree and phenotype from the national progeny test population. For the genomic breeding value, the prediction was performed from a multiple regression analysis using previously selected SNPs from the single SNP analyses with Bayesian model selection (RJMCMC; Fig. 1 ). To determined how well we predicted GEBV, we used the full set of data for estimation (n=266) and randomly selected animals for prediction and validation (n=100). We correlated the genomic breeding value (GEBV) with the BLUP breeding value from the national progeny testing population.
III. Results and Discussion
Prediction of genomic breeding value using whole genome SNP data
We used 266 phenotypes in the estimation analysis and predicted 100 phenotypes. For the prediction set, The least squares method allows regression of the phenotype on the genotype fitting only one SNP at a time. In this study, the least squares method showed more inaccurate breeding value prediction than the multiple SNP model, which could lead to vast overestimation of some haplotype effects and underestimation of others. In order to escape the overestimation, Meuwissen et al. (2001) suggested that better model selection methods need to be used to determine which QTL effects should be included in the model; for example, start with the largest QTL and next include the second largest and so on until the QTL becomes too small to be included in the multiple SNP model. Lee et al. (2008) (Table 3 ).
The whole genome approach based on fitting multiple SNPs and using RJMCMC for model selection provides a posterior density for each SNP associated with the phenotype (Fig. 1) . Single marker regression on a single SNP considering one position at a time was used to compare the two models. This method provides a likelihood ratio (LR) for each SNP, which is then plotted against the genomic position (Figs. 1A, C, E and G). For the four carcass traits, the highest posterior density are shown for the regions around 47 cM on chromosome 3 (Fig. 1B) , 99 cM on chromosome 2 (Fig. 1D) , 93 cM on chromosome 3 (Fig. 1F ) and 62 cM on chromosome 10 (Fig. 1H) . The LR profile from the single SNP method was similar to that from the multiple SNP method (Figs.
1B, D, F and H).
The precision of QTL detection is an important parameter in prediction of genomic breeding value. QTL mapping assumes that some markers are in LD with QTL, and the effects of marker alleles are due to linkage with an additive QTL effect (Goddard and Hayes, 2009).
Our single SNP regression method identifies the position of QTL at a marker locus based on linkage disequilibrium, and it is easy to implement. Grapes et al. (2004) and Zhao et al. (2007) proposed that the single SNP regression model provides similar power to haplotype-based and identity by descent-based models.
However, Hayes et al. (2007) found that, in real data (9323 SNPs in Angus), using marker haplotypes would provide greater accuracy for detecting QTL than single markers. The explanation for the biased results of Grapes et al. (2004) and Zhao et al. (2007) is that the data simulating the single marker had very high LD with the QTL, thus the haplotypes accounted for noise in estimating QTL. In this study, single marker regression analysis provides a broad confidence interval compared to the multiple SNP model due to linkage disequilibrium between the QTL and multiple SNPs. In conclusion, a multiple SNP model using RJMCMC estimates a precise QTL position and shows far better accuracy of prediction for genomic breeding value.
